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We present the results of two studies on how individuals interact with each other during a in-
ternational, interdisciplinary scientific conference. We first show that contact activity is highly
variable across the two conferences and between different socio-demographic groups. However, we
found one consistent phenomenon: Professors connect and interact significantly less than the other
participants. We interpret this effect as non-tenured researchers using conferences to accumulate
social capital, while established researchers already have such capital. We then show that groups
mix well during conferences, but note that a language-based homophily is always present. Finally,
we show that the dynamics of the contacts across days is also similar between conferences. First day
connections are established, then filtering occurs during the following days. The connection turnover
between consecutive days proves to be large (∼50 %), and related to the intensity of interactions.
I. INTRODUCTION
We investigate the temporal, disciplinary, and commu-
nicative structures and dynamics of interactions among
scholars during conferences. We take advantage of the
developments of methods that measure human behaviour
in situ to focus on empirical evidence of social interac-
tions between individuals. These methods have been
used to study many different social contexts: schools
[1–3], hospitals [4–9], workplaces [10, 11], households
[12, 13], conferences [14–18], malls [19] or even larger
setups [20]. Different technologies exist. Here we use the
RFID-based system developed by the SocioPatterns col-
laboration [21], which allows for the detection and collec-
tion of face-to-face physical proximity between individu-
als (∼1.5 m) with a high temporal resolution (20 s inter-
val). In addition to contact data, we also gather socio-
demographic information about the participants through
a survey, including their seniority and disciplinary back-
ground, country of residence, mother tongue, age, gender,
and their roles at the conference (e.g. speaker, poster pre-
senter, non-presenting participant, staff). The data were
collected during two conferences organised in Cologne:
the GESIS Computational Social Science Winter Sym-
posium 2016 (WS16) and the International Conference
on Computational Social Science 2017 (ICCSS17).
Our main interest is to mine patterns of contact be-
haviour (intensity and frequency) and relate them to the
temporal process of the conference, i.e. the different
formats of networking slots (e.g., poster session, lunch
∗ mathieu.genois@gesis.org
break) on the one hand, and to the socio-demographic
features of the attendees on the other. We uncover three
main results on how researchers connected during these
events. First, we find unambiguously that established
and presumably tenured researchers — professors — con-
nect and interact significantly less than average, despite
being present as long as other groups of participants.
At the same time, early to mid-career (and presumably
non-tenured) researcher categories show either average
or above than average connectivity and interactivity. We
speculate on a possible mechanism to explain this be-
haviour, linked the use of conferences for capital accu-
mulation . Second, we show that overall, participants
mix rather well according to all socio-demographic di-
mensions. However, a small but detectable signal of lan-
guage and country-based homophily appears. Finally,
we investigate the dynamics of connections from one day
to the next, and show the existence of a large turnover,
along with a clear process of exploration and filtering of
social interactions.
These results relate to research aspects from vari-
ous fields, notably because we combine different classes
of data (sensor data and survey data), computational
methods and concepts taken from the social sciences,
and, not the least, because of the object of study itself.
The two conferences are indeed rooted in Computational
Social Science, which is an emerging field of research.
Our results also participate in understanding how a new
paradigm appears in science.
In a sociology of science perspective, our results de-
scribe aspects of research collaboration [22] [23] and the
formation of a new research paradigm with regard to in-
terdisciplinarity [24], new research “cores”, disciplinary
cohesion [23] [25] or dissolution [26], emergence of new
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2sub-disciplines and disciplinary identity [27, 28]. The be-
havioural data we mine from the participants’ interac-
tions helps to find hypotheses on what is regarded “func-
tional” [29] or “pragmatic” [30] in this specific interac-
tion.
In order to interpret our results, we draw upon the con-
cept of social capital as developed in the works of French
sociologist Pierre Bourdieu, which started with the The-
ory of Practise in 1972 [31]. Bourdieu sees the (various)
forms of capital as a societal movens, as the “e´nergie de
la physique sociale”, that impacts the formation of social
structure, individual behaviour, and group identities [32].
Notions of social capital have been widely adopted since,
not only in a Bourdieuan understanding; influential con-
cepts have also been adapted to rational choice theory
[33] or implemented to capture the function of trust in
networks [34]. We relate, though, on the multidimen-
sional concept of — social, cultural, economic, and sym-
bolic — capital embedded in social theory and the anal-
ysis of the interactive struggles that take place in various
social arenas or fields, the academic being one of them
[35] [36] [37]. With his concept Bourdieu incorporates a
relational perspective on human behaviour and the re-
sources an individual can make use of and also allows
for different (micro-meso-macro) levels of analysis. The
(possible) tension between the “position” of an actor (the
“capital” of institution, seniority, status of discipline, role
at the conference etc.) and his or her ”positioning” (the
communicative outreach or containment) at the confer-
ence can be analysed in accordance with this sociological
framework. This adds to the investigation on the role
collaboration plays for the acquisition and deployment of
capital, which in our case can be specified as scientific or
academic capital. With our empirical data we shed light
on the actual behaviour of academic crowds and can test
hypotheses on motives for academic networking [38] and
career strategies [29].
Our research also relates to previous scientometric
work on co-authorship or citation networks that portrays
structures of academic collaboration or knowledge trails
across disciplines, the impact of gender, status or na-
tionality on publication performance, and the effects of
interdisciplinarity [39][40][41][42][43]. However, we go be-
yond this approach in two aspects: co-authorship graphs
focus on collaboration as evidenced by a publication, i.e.
the visible result of a successful interaction. We instead
look at the “making-of” and pre-history of what might
become a collaboration of that kind or not. Moreover,
[22] have shown that many relevant sub-scenarios of re-
search collaboration are not detectable via co-authorship
analyses. The speedy and ad-hoc encounters and the
selection processes going on during a conference high-
light the choices taken and on different strategies of net-
working. We concentrate on the process of collaboration-
making and are interested in choices and the explanation
of choices or non-choices (strategies and the multitude of
options rather than the result).
II. RESULTS
A. Group heterogeneities in interaction behaviour
The data collected using the SocioPatterns platform
consists in network snapshots taken every 20 seconds, in
which nodes are the participants and links are the con-
tacts occurring during the snapshot. In other words, it
is a temporal network with a resolution of 20 s, in which
links are present only when a contact occurs between two
participants. As a remark, let it be clear that we call
“contact” a face-to-face, physical proximity (less than
1.5 m), as detected by the sensors from the SocioPatterns
platform. In parallel, we collected the following infor-
mation about the participants via a survey: Age group,
gender, country of residence, mother tongue, academic
seniority, disciplinary background, role in the conference,
participation in a previous edition of the same conference
(see SI for detailed information about the attributes).
We first focus on the aggregated network of interac-
tions during the conferences, i.e. we build the network
where nodes are the participants and links exist between
two participants if they have been in contact at least once
during the whole event. Each link has a weight, defined
as the total time each pair of participant has spent in con-
tact. In this network, the degree of a node — the number
of participants with whom it has interacted — measures
the connectivity of the individual. A high degree means
that the individual has connected with many participants
during the conference. In order to measure the interac-
tivity, i.e. the average intensity of these connections, we
compute for each individual the average interaction du-
ration, i.e. the average total time spent with each person
he/she has been in contact during the whole conference.
The contact networks are dense, in the sense that
a large fraction of the possible links exist (ρ = 0.793
for WS16, ρ = 0.507 for ICCSS17), which leads to de-
gree distributions that are skewed to the right side (see
SI). This is the consequence of both conference venues
being rather crowded during the events. Comparing
the average degree within each group as defined by the
socio-demographic attributes to the global average de-
gree (Fig. 1, top row) shows that significant differences
in behaviour exist between these groups at both confer-
ences. While for most the average degree is close to the
global one, some groups exhibit either significantly lower
or higher average degree. These abnormally low or high
interaction groups are different across conferences, ex-
cept for three negative outliers: Individuals over 40 years
of age, professors, and “other” academic status groups.
The latter is understandable, as this group is comprised
of conference staff (and as such similar to the “staff”
group with regards to conference role) who are not part
of the academic system and therefore constitute a sepa-
rate, isolated group at the conference that is not expected
to share interest with the general crowd, and thus inter-
acts much less. However, the behaviour of older (> 40)
participants and professors — which are essentially the
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FIG. 1. Differences in interaction behaviour between groups. For each group we compute the average degree 〈k〉, the
average total contact duration per neighbour 〈s/k〉 and the average total presence duration 〈T 〉 of the individuals, for the whole
conference. The error bar shows the standard error on the measure. The solid coloured lines and coloured regions show the
overall average value for all nodes, with one and two standard deviations.
same group — is surprising. A common model for in-
teractions in a crowd in which a status hierarchy exists
usually considers that individuals with higher status “at-
tract” others with lower status. It appears, however, that
in the contexts of the two scientific conferences, the op-
posite happens, or, at least, that attraction towards se-
nior members does not translate into action. Note that
the low-connectivity effect does not translate fully to the
“Speaker” group. For WS16, speakers indeed show lower
connectivity and interactivity, as expected since speak-
ers are usually established researchers and hence high-
status participants. However, we see a different picture
at ICCSS17 where speakers interact more than average.
This discrepancy can be explained: at ICCSS17, the
”Speaker” category comprised not only keynote speak-
ers but also a large number of short talks given by mid-
career researchers, whereas at WS16 the “Speaker” cat-
egory was reserved for keynote speakers.
The same effects are found when comparing the aver-
age interaction duration between groups, i.e. the average
time spent by each individual with each person he/she
has been in contact with (Fig. 1, middle row). Similarly
to degree, most groups fall within the global average,
while a few exhibit either significantly lower or higher
interactivity. Other interactivity outliers are not neces-
sarily the same as for connectivity and represent effects
that are specific to the two contexts. The only group dif-
ference that emerges identically and with clarity at both
conferences is the lower connectivity, lower interactivity
pattern of professors and participants above age 40 years.
The consistency of this pattern suggests that a typical be-
havioural mechanism might be at play during academic
gatherings.
The lower connectivity/interactivity of professors
might simply be explained by the fact that professors
spend only little time at the conferences, for example,
they may attend only to give their talk and then leave
again immediately after their session is finished. How-
ever, our data rule out this explanation. When looking
at the average daily duration presence for each group (de-
fined as the duration between the first and the last point
in time where an individual has been in contact during
each day) (Fig. 1, bottom row), we see that most groups,
including professors/age above 40 fall within the average
global behaviour. The previous cliche´ does not hold: We
find that professors connect and interact less than aver-
age, while spending as much time at the conferences as
the other participants.
This result is important, as it shows unambiguously
that the status-based attractiveness hypothesis does not
hold in this context. The purpose of a scientific confer-
ence, the career-stage-specific needs and ways of creating
capital in academia may explain this phenomenon. In
terms of career-building and expertise-building, confer-
ences are sites for the accumulation of academic capital,
which encompasses building both relations and exper-
tise. While we can safely assume that researchers accu-
mulate such capital throughout their careers, they may
4do so more actively during some career stages than dur-
ing others. The data we obtained suggest exactly that:
Mid-career researchers are the ones who (have to) ac-
tively work on their assets, whereas professors can cap-
italise on the social capital or resources they already
own. Conferences are an opportunity for researchers to
present and exchange ideas, but also to become known
and explore new career opportunities through network-
ing. Non-tenured, early-career researchers are indeed ex-
pected to interact, demonstrate their expertise and pro-
mote themselves actively, as they are those who need this
networking to advance their careers. Professors, as estab-
lished researchers, who are high in status and accumu-
lated expertise may not need to network as actively (any-
more). Based on these premises, we can reinterpret our
results: It is not professors who show a lower connectiv-
ity/interactivity. Rather, it is all the non-tenured, early-
career researchers who connect/interact more. These re-
sults thus indicate that conferences are used as a tool
for self-promotion, which most strongly concerns groups
in precarious positions. As a final note, let us remark
that the difference is not between interacting and not
interacting, only that there is a significant difference in
the intensity of interactions. This raises the question of
the interplay between quantity and quality of interaction.
One could interpret the results as established researchers
such as tenured professors interacting more efficiently or,
on the contrary, only engaging in socialising, i.e. more
superficial interactions, while non-tenured would actively
engage in academic discussions. It can also be argued
that professors have already accumulated expertise in
their field, built their concepts and contributed major
work while post-docs are in a phase of accretion. This
argument works both for “knowledge” and “status” —
which makes for a more general line of explanation of the
existence of an “accumulation phase” vs. a “saturation
phase”.
The differences we observe could be associated with
different endpoints of communicative interactions in both
groups: More strategic and task-driven ones on the side
of non-tenured researchers, more relational (“social”) and
“shared-interest”-driven ones on the part of professors.
The findings are also in line with some results from scien-
tometric studies that found collaboration curves to show
an inverted U-shape, with the highest incidence of both
disciplinary and interdisciplinary collaborative action for
mid-career-researchers [42]. However, [41] showed that
when it comes to citing behaviour or productivity, there
are no significant differences related to academic senior-
ity, and [44] showed a correlation between (academic)
age and the receipt of citations. What appears to be
contradictory at first sight is no longer so contradictory
if we differentiate types of academic action (networking,
publishing productivity, citing, being cited) and allocate
them to different phases. Intellectual output (publishing)
and the processing of ideas (citing) is important through-
out an academic career.Whereas mid-career researchers
are more active in exploring collaborations and weaving
intellectual networks to build their capital, the solid posi-
tion of established researchers is sustained by their long-
established contacts and ascribed capital, on the basis of
which they receive even more capital (e.g. citations).
B. Mixing, homophily and avoidance behaviours
For each attribute category, we compute the connec-
tivity and interactivity contact matrix (see Methods for
the mathematical definition of contact matrices). These
matrices allow us to analyse connectivity and interactiv-
ity patterns for each pair of groups. The contact matrices
for both conferences and each set of attributes and are
reported in the SI (see Figure 2, 3 and 4 top rows for the
cases of discipline, gender and language groups, respec-
tively).
Both connectivity and interactivity appear fairly sim-
ilar between group pairs. The exceptions are all asso-
ciated with the outliers identified in the previous sec-
tion. Most of these outliers are related to intra-group
behaviour, particularly for connectivity and interactivity
that are higher than average. This could sign homophilic
behaviour, i.e. the tendency to connect and interact with
individuals from the same group. Negative outliers on the
contrary can arise from avoidance strategies, where indi-
viduals from two groups connect and interact less than
average.
We test whether these differences in connectivity and
interactivity are evidence for preferential connection be-
haviour or avoidance effects using a null model frame-
work. The procedure consists in randomising the net-
work while retaining a few chosen properties, to generate
a distribution of possible random outcomes. We then
compare the empirical observation to the distribution,
and test the statistical significance of each measure by
computing z-scores. In the present case, we define 3 dif-
ferent baselines, to account for three possible effects (see
Methods for the description of the null models). Figure 2,
3 and 4 show the cases of discipline, gender and language
groups, respectively (see SI for the other attributes, along
with a table listing all significant deviations).
Overall, the results are the following:
• Both conferences are rather well-mixed.
• Almost all methods show no significant preferences
or avoidance related to gender.
• Participation to a previous edition shows no signal
(see SI).
• There are a few specific cases of positive bias within
disciplines and negative bias between disciplines.
However, these behaviours are not consistent across
conferences, and usually do not represent the ma-
jority (Fig. 2).
• Null model 3 shows a clear separation in behaviour
between tenured and non-tenured researchers in
5(a) WS16 (b) ICCSS17
FIG. 2. Contact matrices for disciplines. Next, we assess how well participants from different disciplines mix. We compute
for each conference the contact matrix in connectivity (i.e. link density) and interactivity (i.e. average total contact duration)
considering the discipline (top row). We then test the statistical significance of the values of the contact matrices by performing
three different null models: P[k](Null model 1), P[p(w)](Null model 2) and P[iso(Γ)](Null model 3). Deviations are indicated
in number of standard deviations σ from the mean (i.e. z-score). Positive deviations are in red and negative deviations in blue.
Deviations marked in white with a star are significant under p < 0.01 (taking into account a Bonferroni correction). While
some elements are significant outliers, there is no consistency across null models or conferences. Furthermore, these outliers
are rare, which indicates that disciplines mix rather well.
connectivity (see SI). Tenured researchers connect
significantly less, both internally and with other
groups, while non-tenured connect more among
themselves. This effect is present considering either
academic status, age group or role at the confer-
ence. Tenured researchers are indeed usually pro-
fessors, above age 40 and more likely to be speak-
ers, whereas non-tenured researchers are PhD stu-
dents, postdoctoral research, or associate/assistant
researchers, are under age 40 and more likely to be
poster presenters.
• A clear signal of country/language-based ho-
mophily is present in the network, not necessarily
significant but systematically present (Fig. 4).
• Staff usually constitute a group clearly separated
from the crowd.
For academic seniority (see SI), we find status ho-
mophily in the sense that mixing occurs horizontally
rather than vertically, (i.e. a peer conversation is more
likely than a status-diverse-contact like a mentoring sit-
uation. This implies that the vertical, mentoring type of
networking seems to be less prevalent than the horizon-
tal, peer-oriented type of interaction.
With regard to the overall mixing behaviour (Fig. 2),
we can argue that the CSS crowd appears to be highly
interdisciplinary and that every sub-community is gener-
ally eager to get access to skills and expertise from (all)
others. On a structural level, this corresponds to findings
that researchers working in applied disciplines (i.e. dis-
ciplines directed towards practical applications) engage
6(a) WS16 (b) ICCSS17
FIG. 3. Contact matrices for genders. We compute for each conference the contact matrix in connectivity (i.e. link density)
and interactivity (i.e. average total contact duration) considering the gender (top row). We then test the statistical significance
of the values of the contact matrices by performing three different null models: P[k](Null model 1), P[p(w)](Null model 2) and
P[iso(Γ)](Null model 3). Deviations are indicated in number of standard deviations σ from the mean (i.e. z-score). Positive
deviations are in red and negative deviations in blue. Deviations marked in white with a star are significant under p < 0.01
(taking into account a Bonferroni correction). While some elements are significant outliers, there is no consistency across null
models or conferences. Furthermore, these outliers are rare, which indicates that no particular pattern related to gender exists
in these conferences.
more in interdisciplinary collaboration than those in ba-
sic disciplines [42]. This effect might be even stronger
considering that CSS can still be seen as an emerging
research field with no well-established disciplinary iden-
tity but benefiting from a plenitude of research inter-
ests in “the digital social” from various disciplines. As
a consequence, networking and research collaboration in
CSS is inclined to be interdisciplinary. Yet there are cer-
tain affinities which seem to be stronger than others:
For example, physicists interact strongly with both so-
cial scientists and computer scientist, whereas the two
latter groups interact below average with each other —
which puts physicists in a kind of brokerage position. It
might be interesting to further observe these formative
processes in order to find out about overlaps and interac-
tions, brokerage positions or, eventually, get hold of the
formation of a distinct disciplinary “CSS-core”.
As for internationality/cosmopolitanism (Fig. 4), par-
ticipants mixed well in terms of language (i.e. mother
tongue) and current country of residence: English obvi-
ously serves as the lingua franca in the research field. Yet,
we observed language/country homophily that might
point to linguistic and geographical proximity as fac-
tors that facilitate networking and the formation of col-
laborative ties. Another explanation could be that re-
searchers from a given country are more likely to know
each other in person before the conference. Such pre-
existing relationships would then translate into a higher
likelihood of interacting at the conference. The signals of
language/country-based homophilies are not equivalent;
some groups appear more susceptible than others to con-
nect and/or interact internally. In those cases, homophily
7(a) WS16 (b) ICCSS17
FIG. 4. Contact matrices for languages. We compute for each conference the contact matrix in connectivity (i.e. link
density) and interactivity (i.e. average total contact duration) considering participants’ language (top row). We then test
the statistical significance of the values of the contact matrices by performing three different null models: P[k](Null model
1), P[p(w)](Null model 2) and P[iso(Γ)](Null model 3). Deviations are indicated in number of standard deviations σ from
the mean (i.e. z-score). Positive deviations are in red and negative deviations in blue. Deviations marked in white with a
star are significant under p < 0.01 (taking into account a Bonferroni correction). Except for the Null model 3 on connectivity,
deviations are always positive on the diagonal of the contact matrices, with several being statistically significant, which indicates
the presence of language-based homophily.
might be an effect of a number of shared attributes in
that group (and thus be a cumulative effect rather than
a purely linguistic one); it can also be that language-
related homophilic pattern we observed might have been
fostered by the (large) size of the language group — with
a large interdisciplinary pool like that, there might be
less need to transgress language borders in order to ac-
cess the expertise a researcher needs. If this is true it
would be a signal for internationality not being pursued
as a value in itself.
Finally, we do not find any consistent gender-based
homophily or heterophily in the data (Fig. 3). Women
represented a minority in both cases (39 % at WS16, 31 %
at ICCSS17), but the only significant homophily signal
appears for connectivity in ICCSS17, with respect to the
Null model 1.
C. Link dynamics
1. Link flows
Both conferences exhibit a drop in the average degree
as the event unfolds (see Figure 5a and 5b, and the daily
comparisons of degrees between groups in the SI). We
are interested in understanding more precisely what hap-
pens to the interactions between the participants as time
passes. To do so, we compute the evolution of the daily
aggregated network from one day to the next. We count
how many links are lost, gained and conserved between
each pair of days. As the population is not fixed, we sep-
arate loss and gain in two parts: link dynamics within
the stable part population (i.e. nodes that are present
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FIG. 5. Link dynamics between days. Link flows (a
and b): For each pair of days, we compute the total amount
of links (red bars), the amounts of lost links (blue arrows)
separating the loss due to nodes exiting the system (light blue)
and links that disappeared between nodes that were present
in both days (dark blue), the amounts of links gained (green
arrows) separating gain due to entering nodes (light green)
and new links appearing between nodes that were present in
both days (dark green), and the amounts of links conserved
between the two days (red band). Numbers label the days.
Table reporting the numerical values can be found in the SI.
— Distribution of links per bin of weight (c to f): We compute
for each pair of days the proportion of links belonging to each
flow, per bin of weight in a log scale. We consider weights
of the first day of the pair for link losses and weights of the
second day of the pair for link gains. The colour code is the
same as for flows. It shows that loss and gain due to node
flows (pale blue and green) are mostly independent of weight,
while the probability for a link to be conserved increases with
its weight.
on both days), and evolution due to the exiting or the
entering of nodes in the system. The results for both
conferences are reported in Fig. 5.
It is immediately clear that there is a large turnover
in links from one day to the next. At both conferences,
less than half of the links established during the first day
are conserved on the second day (46 % for WS16, 39 %
for ICCSS17). For the ICCSS17 case, only 19 % of the
links from Day 2 are conserved on Day 3. Link losses and
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FIG. 6. Evolution of the link weight for conserved
links. For each link that is conserved between two successive
days, we compute the ratio r between the total duration of
the interaction w (weight of the link) on day i+1 and on day i
(r = wi+1/wi). The dotted line marks r = 1, which separates
interactions that are stronger on the second day (right) and
interactions that are weaker on the second day (left). Number
show the fraction of links on each side of the distribution.
gains are more or less equally distributed between node-
related and internal flows for WS16, while for ICCSS17
it is only true for link losses on Day 2. For the rest, inter-
nal turnover is much more important than node-related
turnover.
We decompose these flows according to the weights
of the links (Fig. 5c to f). Although the signal is not
completely clear for WS16 due to a relatively small num-
ber of links, it still appears that links that are conserved
tend to have higher weights, while links that are lost
or gained due to internal turnover tend to have lower
weights. However, this separation is not complete: low-
weight links can be conserved, high weight links can be
gained and lost. Nonetheless, this indicates that a filter-
ing on the links according to their weight is at play on
this internal turnover. On the contrary, turnover due to
node exiting and entering the system appears to be un-
correlated with the weight of the link, as the fraction is
the same whichever the weight (with some fluctuations
for high weights, due to small number effects).
2. Analysis of the conserved links
We focus on the links that are conserved from one day
to the next. We compute the evolution of the weights of
these links between the two consecutive days by simply
looking at the ratios r of the link weights (r = wi+1/wi).
We plot the distribution of these ratios for each pair of
consecutive days.
As seen on Fig. 6, roughly half of the conserved links
are reinforced and half weakened (40/60 for WS16, 60/40
and 50/50 for ICCSS17). This indicates that, on top of
the filtering previously described where links are simply
deleted, another filtering is at play, keeping only half of
the remaining ones with an equal or stronger intensity.
Second, the behaviour appears different for weakening
and reinforcement. For r < 1, the distribution is more
or less flat, indicating that weakening occur with roughly
9equivalent probabilities. On the contrary, the probability
to have values of r > 1, i.e. to see a large reinforcement
of the interaction, decreases as r increases. This rein-
forces the idea of a filtering: if a connection is marked as
“discardable”, then there is no incentive to enforce any
particular weakening effect. However, reinforcing a con-
nection implies an effort, the more intense the higher the
effect, and therefore it is less likely to get high values of
r.
The filtering down of contacts over the course of a con-
ference could be motivated by the pursuit of efficacy and
might constitute a signal of functional selection at work.
This appears to be convincing especially with regard to
the “discarded” links and the concentration on few links
only. It is tempting to assume that the maintenance of
weak links on days 2 or 3 might serve relational/social
purposes and only the few intensified contacts point to
a strong networking interest. Contrarily, the large im-
pact of link turnover indicates that even in a highly func-
tional context human communication does not appear to
be strictly efficient or, to turn the argument, that exu-
berance, new influx and choice are important for social
interaction which has to be kept open and multipurpose-
ful. This is furthermore supported by the fact that the
distributions of r all adopt the same shape whichever the
days of the conference. This is perhaps the most surpris-
ing, and might be the mark of an underlying, general rule
about human face-to-face interactions.
When we compute the contact matrices in connectiv-
ity and interactivity considering only the socially filtered
interactions, i.e. the links that are both conserved and
reinforced between two consecutive days (see SI). Qual-
itatively, the contact matrices are essentially very simi-
lar to the global ones. This indicates that the filtering
process does not follow any particular pattern related
to socio-demographic attributes, but rather occurs uni-
formly across the network. In the end, we may conclude
that both the downsizing indolent towards attributes and
the large turnover from day to day suggest that there is a
strong situational impact on interaction, and that mak-
ing one’s network more specific means to reduce quantity
rather than scope.
III. DISCUSSION
We looked at patterns of scholarly interaction at two
computational social science conferences with regard to
the mixing behaviour of disciplinary, cultural, and age
groups and the temporal dynamics of the network. Aca-
demic networking is at the heart of international confer-
ences and especially interdisciplinary exchange is crucial
for scientific innovation and the formation of new fields
of research which emerge across established disciplines
[45, 46]. As much as novel ideas spring off non-similarity,
contacts have to be enabled and made until they can
connect diverse communities via overlaps. Such loosely
intersecting cohesive groups generate shared knowledge
and chains of conceptual agreement [25, 47]. Overall we
see that the similarity attraction paradigm is not par-
ticularly prevalent at the CSS conferences we studied; it
is rather diversity which is attractive: people intermin-
gle well and strong containment tendencies cannot be
observed for any segment, be it disciplinary, cultural or
gender based. However, there are behavioural differences
and barriers. With the combination of rich survey data
on socio-demographics and sensor-based contact data, we
can look into the granularity of such processes. We take
these contacts as signals for the dissemination of disci-
pline specific ideas and the mixing patterns as proxies
for methodological trends.
Academic conferences are the places to get a position
in more than one sense. With respect to academic se-
niority and role at the conference we find a clear dis-
tinction between younger scholars and established ones,
with the first more actively accumulating relations and
academic capital. This characterises different academic
career phases with the need to obtain and display ev-
erything — knowledge, contacts, visibility — that may
generate and sustain a strong position in the academic
field and the exertion of such a position. This is in line
with the Matthew effect [48], since the effect we observed
can be interpreted as status execution taking less effort
than status gain. The turnover in interactions can also
be related to the idea that sociality is not absent in highly
functional arenas; in human communication, strategic ac-
tion cannot be purely instrumental and efficient — there
always have to be relational elements, redundancy and
new, unexpected influx. Those “social” aspects of in-
teraction appear to facilitate innovation, and so does the
physical proximity of face-to-face-communication — even
in the digital age. In terms of practical implications, we
can only encourage conference organisers to enable com-
munication by providing breaks, networking slots and in-
teractive formats such as poster sessions. We also advise
participants who wish to benefit from those networking
opportunities to attend academic events from the start.
The context of our study is rather narrow, as it fo-
cuses on international, interdisciplinary, scientific confer-
ences which we admit are a peculiar setting. However,
we believe that our method to study human interactions
and social phenomena can be applied to a wide range
of contexts. In particular, checking whether the rela-
tion we found between social capital and interactivity
also appears in other situations, such as workplaces or
institutions, would be very interesting. Our results are
based on two distinct cases; however, we saw that there
was already large variations in terms of behaviour be-
tween the two conferences, notwithstanding their numer-
ous similarities. Obviously, our results would need to be
checked with more studies. In particular, we assumed in
our analysis that the population is in a “blank state” as
the conferences start. This is far from true, as some peo-
ple know each other beforehand. Such preexisting struc-
ture has definitely an impact on the behaviour during
the conference. Controlling for this parameter would be
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another improvement in such a study. Nonetheless, the
phenomena we have uncovered we presented represent a
new step in the understanding of social mechanisms.
IV. METHODS
A. Data collection
We used the SocioPatterns platform to collect face-
to-face contacts between participants from two confer-
ences. The setup of the RFID chips allows to detect
physical proximity (∼ 1.5 m) when two individuals are
standing in their respective front half-spheres (face-to-
face). The temporal resolution is very high (20 s) which
allows for a very precise, in situ and unbiased recording of
these interactions. In addition to the SocioPatterns sen-
sor data on face-to-face interactions, we gathered socio-
demographic information about the participants, namely
their age group, country of residence, mother tongue,
academic status/seniority, disciplinary background, role
in the conference and whether they attended one of the
previous two editions of the conference.
The datasets were collected during the GESIS Winter
Symposium on Computational Social Science, on Novem-
ber 30 and December 1, 2016 (WS16), and during the In-
ternational Conference on Computational Social Science,
July 10 to 13, 2017 (ICCSS17).
For WS16, there were 149 participants, from which
144 accepted to take part in the present study (96.6 %).
Contact data was retrieved for 138 participants (92.6 %).
Among them, we have at least partial socio-demographic
information for 115 participants (83.3 % of the studied
population), and 100 with all socio-demographic infor-
mation (72.5 % of the studied population).
For ICCSS17, there were 339 participants, from which
274 accepted to take part in the present study (80.8 %).
The conference consisted on a workshop day and 3 days
of conference. We restrict ourselves to the conference
days, for which we have 262 participants to the study.
Among them, we have at least partial socio-demographic
information for 202 participants (77.1 % of the studied
population), and 188 with all socio-demographic infor-
mation (71.8 % of the studied population).
See the Supplementary Information for a complete de-
scription of the data set.
Data sets are available on Zenodo at the following ad-
dress: https://zenodo.org/record/2531537
B. Contact matrices
A connectivity contact matrix is a square matrix of the
local densities of links between and within each group, as
defined by the socio-demographic attributes. The local
density ρij is defined as the following:
ρij =
Eij
Nij
(1)
where Eij is the number of existing links between groups
i and j, and Nij is the number of possible links between
these two groups. Nij is given by:
Nij =

ninj between two groups
ni(ni − 1)
2
within one group
(2)
where ni is the number of individuals in the group i. This
measure is thus independent of the sizes of the groups.
A contact matrix in interactivity is a square matrix of
the average link weight between and within each group,
as defined by the socio-demographic attributes. Each
element of the matrix is defined as the following:
Wij =
∑
`∈Ωij w`
Eij
(3)
where Ωij is the set of links between groups i and j, w` is
the weight of the link ` and Eij is the number of existing
links between groups i and j.
C. Null models for the contact matrices
We here describe the method for assessing the sig-
nificance of connectivity and interactivity values. The
method relies on 1) defining a baseline of network prop-
erties, 2) randomising the observed data while retaining
the baseline properties, 3) compare the empirical result
to the distribution of values generated by the randomi-
sation by computing a deviation score.
1. Baselines
The simplest baseline is to assume that in the absence
of all effects, one would get a random, Erdo˝s-Renyi net-
work. However, in the present cases we have shown that
there exists differences between groups in terms of aver-
age degree (as shown in section II A). We make the as-
sumption that these differences reflect the actual intrinsic
variability of individuals. Therefore, we define baselines
that preserve at least individual degrees. Weight distri-
bution is also known to be a key element of face-to-face
contact networks, with a particular long-tail shape that is
found in every case study [49]. This is the second element
that we maintain in all three baselines.
These constraints let us build the three following ran-
domisation methods, ordered from most to least destruc-
tive (for the names we use the nomenclature defined in
[50]):
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• P[k](Null model 1): also known as a Sneppen-
Maslov rewiring [51] or configuration model. In this
null model all links are randomised, while retaining
the degree of each node. Link weights are then re-
distributed among the new links. The distribution
of weights is thus also preserved.
• P[p(w)](Null model 2): in this null model we keep
the entire structure of the network (and thus the de-
gree of the nodes), and only redistribute the weights
on the links. The distribution of weights is also pre-
served.
• P[iso(Γ)](Null model 3): in this null model we sim-
ply randomise the identities of the node in the net-
work. The entire structure is thus preserved, along
with the correlations between structure and link
weights.
These randomisation techniques enable us to test dif-
ferent effects. The first method addresses the question of
the particularity of the topology, compared to a situation
where connections occur randomly but with the same in-
dividual behaviour in terms of connectivity. It allows us
to detect if some groups are significantly more or less
connected to some other groups. The second method
addresses the question of the specificity of the interac-
tions in terms of intensity. Are there pairs of groups
which interact significantly more or less than others, com-
pared to a situation with the same connectivity but ran-
domised interactivity? The third method addresses the
same issue, but with an additional constraint: are the
correlations between topology and interactions group-
dependant or not?
2. Statistical test
For each method, we generate 100 randomisations of
the original network. For each we compute one or both
contact matrices. For P[k], we compute only the con-
tact matrix in connectivity (as we are interested only
in the effect of topology), for P[p(w)]we compute only
the contact matrix in interactivity (as the topology of
the network is unchanged), and for P[iso(Γ)]we compute
both. We thus generate distributions for each box of the
contact matrices, for each method. We then compute the
deviations of the observed values from the distributions
as a z-score:
zij =
vij
σij
(4)
where vij is the contact matrix value for groups i and
j, and σij is the standard deviation of the distribution
of the contact matrix values for randomised networks for
the same pair of groups.
Finally, we assess the significance of these deviations by
setting a probability limit p < 0.01. However, as values
of a contact matrix are not independant, the effective
limit depends on the size of the contact matrix:
peff =
p
(n+ 1)n/2
(5)
where n is the number of groups.
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